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Connectomics is a recent active field of research dedicated to the understanding of the map of neural connections
in the brain (connectomes). One of the most formidable challenges in the field is the reconstruction of the 3D
image of the connectomes from the stack of 2D EM slices. The most up-to-date solution to this problem requires
human proofreading, and fully automated algorithms are yet to be developed. The aim of this research is to make
a progress toward the full automation of the reconstruction. In the endeavor, we used deep convolutional network,
an architecture known for its effectiveness in the interpolation of non linear structures, to interpolate the images
between the 2D slices. Our method was able to show superiority over baseline methods in some situations.
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